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The literature on digital knowledge fields suggests 
that knowledge coproducers are embedded in a core-
periphery social structure. This structure engenders an 
individual-level tension: be in the core where there is 
support for successful knowledge integration or be in 
the periphery where one can work outside of peer 
pressure.  In this paper, we focus on the fluidity of core-
periphery structures. We study the case of nanoHUB, a 
digital knowledge field of nanoscience and engineering. 
We analyze 17,821 contributions made by 251 
knowledge producers who coproduce 609 scientific 
simulation tools over a nearly ten-year period, 
encompassing over six million lines of code. We find 
that knowledge producers seek to resolve the core-
periphery tension by moving towards and then away 
from the temporal core. Additionally, we find that 
proximity to the temporal core at the point of the 
knowledge production has a curvilinear relationship 
with code produced.  
 
1. Introduction  
 Digital technologies empower individuals to 
coproduce new knowledge in a variety of knowledge 
fields - from software development (e.g. 
Sorgeforce.net), statistics (R software), nanoscience & 
engineering (nanoHUB) or music (e.g. ccMixter.org) 
[1]–[3]. Such digitally-mediated knowledge 
coproduction can take place at a distance, outside of 
formal employment relationships, and through 
asynchronous and artifact-mediated communication [1], 
[4], [5]. These digital knowledge fields constitute a 
social structure woven from interactive coproduction 
processes among individual knowledge producers 
across multiple projects and artifacts (e.g. software 
projects). In these fields, knowledge producers 
simultaneously strive to produce and contribute new 
knowledge to the field while sharing common interests 
in advancing the knowledge in the field as a whole and 
using the same digital tools and resources available via 
a common digital platform [4]–[6].  
 The emerging literature on digital knowledge fields 
suggests that despite the unique characteristics of 
digitally-enabled coproduction, the digital knowledge 
field’s social structure follows a core-periphery logic 
well known from the pre-digital era [4], [6]: The field 
constitutes a cohesive subgroup of knowledge producers 
in the core surrounded by a set of peripheral actors only 
loosely connected to the core [7]–[9]. There is also 
evidence that an individual’s position within this core-
periphery structure has implications for her or his 
relative ability to produce and contribute new 
knowledge (e.g., writing new lines of code), or 
productivity for short. In addition, prior literature points 
to the well-known core-periphery tension that each 
individual knowledge producer in the digital knowledge 
field is exposed to: Both the core and the periphery have 
positive implications for an individual’s ability to 
produce and contribute knowledge to the field. Prior 
literature on knowledge fields provides a variety of 
explanations of how individuals may resolve this 
tension: e.g. by seeking an intermediate position 
between the core and the periphery, by mutually 
occupying a core position within the social structure and 
a marginal position within the semantic knowledge 
structure of the same field, or by complementing a core 
position within the field with many linkages to other 
external knowledge fields [4], [6].  
 However, existing research on the core-periphery 
tension in digital knowledge fields fails to account for 
the fluidity and the dynamics inherent to digitally-
mediated knowledge coproduction [1], [5]. In digital 
knowledge fields, knowledge coproduction happens in 
the absence of stable structural social mechanisms. 
Instead, knowledge coproduction implies that 
knowledge producers dynamically respond to emerging 
tensions over time [1], [10], [11]. The dynamics in 
digital knowledge fields leads to two assumptions that 
have not been sufficiently incorporated in the existing 
theories on the core-periphery tension in digital 
knowledge fields. First, in digital knowledge fields a 
core group of producers within a knowledge field is 
constituted by a temporal social structure; a cohesive 
core of producers forms “in the moment” as a result of 
a common passion or in response to emerging needs to 





coordinate coproduction efforts within the knowledge 
field [1]. As a result, this temporal core is fluid and 
moves around based on where the focus of co-work is at 
any given time. Second, a dynamic view assumes that 
knowledge producers’ proximity to the temporal core 
will fluctuate over time as the network itself shifts [1], 
[10].  
 To incorporate such a dynamic view into the 
theoretical discourse on an individual’s core-periphery 
tension in digital knowledge fields, this paper asks the 
following two research questions: How does knowledge 
producers’ proximity to the temporal core change over 
time? What are the productivity implications of a 
producer’s proximity to the core at a particular point of 
time? To answer these questions, we apply theories of 
social capital from the network science literature, and 
study the case of nanoHUB, a community of knowledge 
producers in the interdisciplinary knowledge field of 
nanoscience & engineering. We analyze 17,821 
contributions made by 251 scientific tool producers to 
609 scientific software projects over a nearly ten-year 
period, encompassing over six million lines of code 
contributed.  
2. Theoretical Development 
 Digital knowledge fields emerge from digitally-
mediated interactions among loosely connected social 
actors at a distance, outside of formal employment 
relationships and organizational hierarchy [6], [8]. They 
constitute a relational social structure that emerges from 
artifact-mediated coproduction processes among 
multiple knowledge producers who create digital 
artifacts using the same digital platform and 
coproduction tools [12]. When coproducing digital 
artifacts, producers engage with each other’s knowledge 
contributions (e.g. code for a software development task 
or comments to an idea submission) via digitally-
mediated interactions [13]. Coproduction implies a 
dynamic exchange of information and knowledge 
resources between two or more producers working on a 
common task or project [14]. Thus, when integrating 
their different knowledge resources in order to jointly 
produce common artifacts [15], two knowledge 
producers form a social relationship that embeds 
experiences and social practices of coproduction [12], 
[15]. Prior literature suggests that such artifact-mediated 
coproduction follows a core-periphery structure [7]: A 
densely connected and cohesive subset of producers, the 
so-called the core, which is surrounded by peripheral 
knowledge producers.  
 The pre-digital view of knowledge fields assumes 
that such core-periphery structures remain stable once 
they have converged. However, there is evidence that in 
digital knowledge fields, social structures are more fluid 
[6], [10], [12], [16]. In other words, the notion of a stable 
core group does not exist [10, p. 3044]. Instead, there is 
only temporal convergence.  A temporal “core” of 
densely connected coproducers forms based on 
emerging tasks and resource needs as well as individual 
preferences [1]. For example, a public event, such as the 
death of a popular singer, may unify a subset of 
Wikipedia contributors with interest in music to 
converge temporarily and align their actions to create 
new or update existing Wikipedia pages [1], [17], [18]. 
These coproducers synchronize their coproduction 
efforts for a short period of time. Once the task is 
completed, the cohesive relationships among the 
coproducers weaken or dissolve completely. In a 
temporal core, cohesively connected coproducers are 
engaging in ‘situated’ digitally mediated social 
interactions in order to integrate each other’s knowledge 
using temporary practices of coproduction [19]. Such 
patterns have also been found in other digital 
coproduction settings such as video game design, 
software development, or crowdsourced innovation 
challenges [20]–[23].  
 Following theories of social capital and network 
embeddedness, we argue that a position at a particular 
point of time in both the core and the periphery of a 
knowledge field signals positive consequences to the 
individual [6]. On the one hand, being proximate to the 
core signals an information advantage [1], [12]. 
Individuals who are in or very proximal to the core may 
be better able to determine what types of contributions 
are of focal interest at a particular point of time. A core 
position may facilitate an individual in crafting 
contributions that matter to the field now. Further, 
proximity to the core is assumed to provide access to 
support from other coproducers who share a similar 
passion in the topics and task at hand. Thus, a core 
position can help producers with successfully 
integrating their knowledge within the field [4], [6].  
 A peripheral position allows for interactions only 
loosely related to the focal point of activity of the 
knowledge field. Thus, it offers knowledge producers 
the ability to work at their own pace, guided by their 
own interests without much need to coordinate with 
others [24].  Further, it gives producers access to 
information and knowledge somewhat unrelated to the 
central point of attention within the field. As a result, a 
producer may also see benefits in seeking a position in 
the periphery.   
 We argue that individuals may seek to resolve this 
tension by dynamically adjusting their position over 
time [1], [10]. At some points in time, producers might 
want to move closer to the core in order to work on 
topics that currently matter (or are popular) and easily 
integrate their knowledge within the field. However, at 
some point a producer may want to recess and move to 
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the periphery to work on unrelated topics and ideas 
currently not of focal interest within the knowledge 
field. In either case, rather than remaining in one 
position, they adapt their proximity to the core over 
time. Thus, we advance the following hypothesis:   
H1: A knowledge producer’s proximity to the 
temporal core is a non-linear function of time.   
 
If a knowledge producer is in the core at the time of 
knowledge production, she/he can expect support from 
others in creating and implementing the knowledge into 
the field. Knowledge producers in the core share high 
levels of collective passion and “devoted enthusiasm” 
for advancing the field with the tasks and work at hand 
[1]. Further, even though a temporal core implies only 
temporary convergence, the temporal cohesion among 
the core members offers coordination benefits. Core 
coproducers are somewhat in sync with each other 
because they are densely connected and interact with 
each other in a highly frequent way. Thus, they have 
greater opportunity to fix any unresolved 
interdependencies [15].  This proximity to the core 
allows members to solve problems faster and potentially 
more efficiently.  
However, being close to the core can create 
cognitive overload, peer pressure and anxiety since it 
requires full attention to the actions of each other core 
producer without much delay [1], [22], [25]. Since 
practices in the core are only temporary, being in the 
temporal core also requires a producer to invest time and 
effort into the development of so called “situated” 
production practices for the particular tasks at hand [1]. 
Intensive debates and discussions may create cognitive 
overload and anxiety, which may eventually hinder the 
individual knowledge producers in generating new and 
useful knowledge at the time of being in the core.   
 In a peripheral position, on the other hand, 
individuals can escape such challenges and pressures 
[4], [6], [26], [27]. The periphery offers an individual 
the opportunity to explore topics without being 
constrained by the interests and practices in the temporal 
core [24]. Such freedom to explore unrelated knowledge 
has positive consequences for a producer’s ability to 
produce knowledge and ideas that create value for the 
knowledge field in the long run. However, it may not 
translate into greater productivity at the time of the 
knowledge production. In the periphery, the knowledge 
producers lack the support and assistance from other 
densely connected producers.  
 Since neither a position in the core nor a position in 
the periphery seem to be optimal from a productivity 
point of view, an intermediate position at a particular 
point of time might correlate with the highest 
productivity level. Essentially, for a knowledge 
producer to best mobilize the benefits of both the core 
as well as the periphery, it seems critical for them to 
occupy an intermediate position at the time of their 
knowledge contribution. An intermediate position 
allows an individual to receive assistance from the 
densely connected and temporarily converged core, 
without being too entangled in conflict resolution and 
the development of situated practices and norms. At the 
same time, it also offers sufficient opportunities to get 
inspired by unrelated topics without being completely 
disconnected from the interests and the resources of the 
core at a particular point of time.  
 Thus, we suspect that in a digital knowledge field 
that exhibits dynamics and fluidity, there is also a U-
shaped relationship between proximity the core and an 
individual’s productivity. However, unlike in the pre-
digital era, this U-shaped relationship unfolds at a 
particular point of time. Essentially, for a knowledge 
producer to best mobilize the benefits of both the core 
as well as the periphery, it seems critical for them to 
occupy an intermediate position at the time of their 
knowledge contribution. We therefore advance the 
following hypothesis: 
H2: A knowledge producer’s proximity to the core 
at the time of her/his contribution has an inverse 
U-shaped relationship with productivity.  
3. Methods 
3.1. Case Setting and Data 
 
 To test our hypotheses, we chose nanoHUB, a 
digital platform in the interdisciplinary field of 
nanoscience and nanotechnology. NanoHUB was 
launched as part of the NSF-funded Network of 
Computational Nanotechnology at Purdue University 
[28]. The tools on the platform are web-based software 
programs (web applets) which allow users to conduct 
simulations or complex calculations for research but 
also educational purposes.  
 In this study we focused on a subset of nanoHUB’s 
members: the community of knowledge producers 
(scientists and engineers), who coproduce interactive 
simulation software tools using the platform’s 
standardized programing interfaces, development 
toolkits, and software version control during period of 
April 2005 to September 2014. Our dataset is comprised 
of 251 knowledge producers interacting in 609 tools. 
We only selected individuals who contributed more than 
once and registered a non-zero distance from the core at 
some point. We used a versioning and revision control 
system, Lean Apache Subversion (SVN), to capture how 
individuals iteratively contribute to a certain tool. The 
SVN log provides access to commit trace data, which 
includes the exact time stamp when a knowledge 
producer makes a unique commit to a tool. 
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 In total, we observe 17,821 distinct commits and 
61,665,012 lines of code written across an 
approximately ten-year period. On average, knowledge 
producers initiated 71 commits with a standard error of 
164.68, and on average contributed to 7.45 tools with a 
standard error of 36.99. For tools, the average number 
of received commits was 29.26 with a standard error of 
369.14, and these changes were made by an average of 
3.07 knowledge producers with a standard error of 3.51. 
Using this data, we conduct two separate sets of 
regressions, which we proceed to describe. 
 
3.2. Measuring Proximity to the Core 
 
 Using Borgatti and Everett’s algorithm [7], we are 
able to assign each individual a score on the core-
periphery continuum. We use this continuous measure 
of proximity to the core because we are interested in 
relative position along the continuum [4], [9]. Larger 
values of proximity indicate that an individual is closer 
to the core, while smaller values indicate that an 
individual is closer to the periphery. We first find the 
principal eigenvector of the adjacency matrix 𝑌𝑡 for the 
network at time 𝑡. Let 𝜆(𝑌𝑡) be this 𝑁 × 1 principal 
eigenvector. Then, for any producer 𝑖, the value 𝜆(𝑌𝑡)𝑖 
is equal to their proximity to the network core. For any 
knowledge producers that are inactive during the time 
period, their corresponding entry in the eigenvector will 
be 0. This vector is normalized so that values can be 
compared across time periods. Values of proximity to 
the core can range in value from 0 to 1; in our dataset, 
this measure varied between 0 and 0.71, with a mean of 
0.21 and standard deviation of 0.25. 
 
3.3. Analysis of the Fluidity of an Individual’s 
Proximity to the Core 
 
 Our first dependent variable is the proximity of a 
knowledge producer to the core during a given period. 
This proximity is calculated as described in the previous 
section. We delineate periods by considering the 
window of time leading up to, but not including, the 
instance of an individual contributing. Proximity to the 
core is calculated using all events that have transpired 
within that window; we use a time window of 7 days. 
Our main independent variable is the time a knowledge 
producer has been active. We identify the first instance 
at which the knowledge producer contributes, and for 
each subsequent activity, we calculate the time elapsed 
(in weeks) since that original contribution. In order to 
capture non-linear time trends, we also include a square 
and cubic term.  
To test our first hypothesis, we estimate the 
temporal dynamics of proximity to the core using the 
following OLS regression equation: 
𝜆𝑖𝑡 = 𝛽0 + 𝛽1𝜏𝑖 + 𝛽2𝜏𝑖
2 + 𝛽3𝜏𝑖
3 + 𝛼𝑖 + 𝜀𝑖𝑡 . 
In this equation, 𝜆𝑖𝑡 is develop 𝑖′𝑠 proximity to the core 
at time 𝑡, 𝜏𝑖 is the time elapsed since 𝑖 was first active, 
and 𝛼𝑖 are knowledge producer fixed effects. We use a 
fixed effects model to account for unobserved 
heterogeneity in behavior [29].  
 
3.4. Analysis of Productivity Implications of an 
Individual’s Proximity to the Core 
 
 For the second stage in our analysis, the dependent 
variable of interest is productivity, which we measure as 
the lines of code (LOC) changed in a single edit. We use 
LOC because of its relationship with software 
functionality and complexity [30], [31].  In our dataset, 
the lines of code modified ranges from 1 to 356,171, 
with a median of 118, a mean of 3460.24, and a standard 
deviation of 19,093.33 lines. Given the skewed nature 
of the data, we take the natural logarithm of each 
observation. Our main independent variable is a 
knowledge producer’s proximity to the core at the time 
they made their contribution. Following prior work, we 
also include the square of proximity to the core to 
capture any curvilinear effects [9], [32].  
 We include several control variables in our study. 
First, we include two attribute covariates, knowledge 
producer tenure and project age. Tenure measures the 
time since the individual was first active (i.e., their first 
contribution of code). Project age is a measure of how 
much time has elapsed since the project was created. 
Second, we include three structural controls which 
account for prior behavior [33]–[35]. The first is inertia, 
which we operationalize as the total amount of code 
knowledge producer 𝑖 has contributed to project 𝑗 in the 
past. The second is activity, which is equal to the total 
lines of code produced by knowledge producer 𝑖 in the 
past. Finally, project activity is a measure of how many 
lines of code have been contributed to tool 𝑗 in the past. 
Because of the skewed nature of the data, we take the 
log of the lines of code contributed for each of these 
three measures.  
We test our second hypothesis by estimating the 
following fixed effects linear regression equation: 
log 𝑐𝑖𝑗𝑡 = 𝜃0 + 𝜃1𝜆𝑖𝑡 + 𝜃2𝜆𝑖𝑡
2 + 𝛾𝑋𝑖𝑗𝑡 + 𝜂𝑖 + 𝜀𝑖𝑗𝑡 . 
In the above expression, 𝑐𝑖𝑗𝑡  is the lines of code 
contributed by 𝑖 to 𝑗 at time 𝑡. The value 𝜆𝑖𝑡 is 
knowledge producer 𝑖’s proximity to the core at time 𝑡, 
and 𝑋𝑖𝑗𝑡  is a vector of control variables as defined 
previously. Finally, we include knowledge producer 
fixed effects 𝜂𝑖 to account for unobserved heterogeneity 
[29]. 
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4. Results  
We conducted our analysis in four steps: first, we 
provide descriptive statistics for our key study variables; 
second, we analyze the time trends of proximity to the 
core; third, we analyze the relationship between 
knowledge producer position and productivity; finally, 
we test the robustness of our results. In Table 1, we 
present descriptive statistics and correlations between 
our study variables.  
 
Table 1. Descriptive statistics and inter-correlations 
for key study variables 
Variable 1. 2. 3. 4.  
1. LOC (log) 
    
 
2. Prior Contribution 0.06 
   
 
3. Prior Activity 0.13 0.02 
  
 
4. Prior Project Activity 0.04 0.42 0.27 
 
 
5. Proximity to the core 0.06 0.25 0.54 0.55 - 
Mean 4.84 0.86 0.09 0.33 0.21 
SD 2.54 0.28 0.09 0.31 0.25 
VIF  1.23 1.44 1.63 1.89 
Note. N = 17,821. Pearson correlation coefficients are 
reported. 
 
We note that some of the correlations, particularly those 
between proximity to the core and controls, are 
somewhat high. To ensure that multicollinearity does 
not negatively impact our analyses, we calculate the 
variance inflation factor (VIF) for each independent 
variable. All VIFs are below two, which is well below 
the common threshold of five [36]. We therefore 
conclude that multicollinearity does not significantly 
affect our models. 
 
4.1. Main Results 
 
We test our first hypothesis by examining the 
fluidity of an individual’s proximity to the core. To do 
so, we estimate a cubic regression model with 
knowledge producer fixed effects. Our results are 
presented in Table 2. All standard errors presented are 
robust and grouped by individual. We find that there is 
a linear time trend (β = 0.015, p < 0.001), negative 
quadratic trend (β = -0.024, p < 0.001), and positive 
cubic trend (β = 0.003, p < 0.01). These significant 
coefficients for time indicate that knowledge producers 
do indeed change their position in the digital knowledge 
field over time and follow a non-linear pattern. Thus, we 
find support for Hypothesis 1. We next test our second 
hypothesis by determining the relationship between 
productivity – i.e., lines of code contributed – and a 
knowledge producer’s proximity to the core at the time 
of contribution. Our results are presented in Table 3.  
 
 
Table 2. Regression of Time on Core Proximity  





Time2  -0.024 
(0.003)*** 
Time3  0.003 
(0.001)** 
Knowledge Producer FE Yes Yes 
R2 0.746 0.748 
Deviance 488.14 484.17 
Num. Producers 251 251 
Num. Events 17,821 17,821 
Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001. 
Robust standard errors in parentheses. 
 
Table 3. Regression of Core Position on log(LOC) 
Variable Model 3 Model 4 Model 5  






























Yes Yes Yes 
Pseudo R2 0.801 0.801 0.804 
Deviance 104,430 104,416 104,212 
Num. Producers 251 251 251 
Num. Events 17,821 17,821 17,821 
Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001. 
Robust standard errors in parentheses. 
 
We find that proximity to the core has a positive linear 
(θ = 2.955, p < 0.001) and negative quadratic (θ = -
4.268, p < 0.001) relationship with the log of lines of 
code. Put another way, there is positive but decreasing 
relationship between proximity to the core and 
productivity. However, when we conduct a two-line test 
for the U-shape [37], we find that the relationship is not 
a true “U.” Instead, it is characterized by an initial 
increase, and then a leveling off effect. We conclude that 
a knowledge producer will have higher productivity – 
i.e., contribute more code – when they occupy an 
intermediary position in the digital knowledge field at 
the time of contribution, but do not gain or lose by 
moving more towards the core. Thus, we find partial 
support for Hypothesis 2. 
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4.2. Robustness Checks  
 
For our analysis of the fluidity of a knowledge 
producer’s proximity to the core, we tested our models 
on subsets of the data. We excluded knowledge 
producers in the bottom tenth percentile of 
contributions, the top tenth percentile, and both the 
bottom and top tenth percentiles. Additionally, we tested 
two alternative models, the Tobit regression model and 
a random effects model. A Tobit regression model 
allows us to explicitly account for limitations on the 
dependent variable; because proximity to the core is 
restricted to the range [0, 1], this model is appropriate. 
We also estimated a random effects model, which treats 
the producer effects as random variables. We find that 
the overall trend is consistent with the main findings. 
Finally, we recomputed proximity to the core for each 
knowledge producer such that the time window 
stretched from seven days to thirty and ninety. We again 
find consistent results with longer time intervals, 
indicating that a knowledge producer’s position is fluid, 
even when we “zoom out” our view of their behavior.    
 Like our analyses of dynamics, we reran our models 
on subsets of the data, excluding the bottom and top ten 
percent of contributors based upon activity and volume. 
Next, we tried alternative model specifications. Because 
our productivity measure is a count variable that is right 
skewed, we ran a fixed effects negative binomial 
regression model using lines of code as the dependent 
variable. We also ran a random effects regression model 
instead of a fixed effects model and found consistent 
results. Additionally, we considered an alternative 
means of calculating the control variables. For our 
alternative model, we calculated the same statistics, but 
weighted them by the lines of code contributed at each 
event. The results of all these tests were consistent with 
our main findings. Finally, we recomputed proximity to 
the core for each knowledge producer over longer time 
intervals, ranging from two weeks up to three months. 
Interestingly, we find that the relationship between 
proximity to the core and performance is consistent for 
a time interval up to three weeks – albeit with a smaller 
effect size – but disappears for one month and longer. 
This finding augments our main conclusion: a 
knowledge producer’s productivity is a function of their 
recent position only.  
 Finally, we considered the possibility that our 
measure of time is what influences productivity, not 
proximity to the core. In other words, we need to rule 
out the possibility that the variance explained by 
proximity to the core is the same variance explained by 
time; this would be a key endogeneity problem. First, 
we regressed the cubic time trend on lines of code. 
Second, we regressed the time trend as well as all of the 
original independent variables on our productivity 
measure. The results of these models are presented in 
Table 4. We find that tenure (time since joining the 
community) has no significant impact on productivity, 
measured by lines of code contributed (see Model 6). 
Further, the inclusion of the time trend does not affect 
the relationship between proximity to the core and 
productivity (see Model 7). Thus, tenure only influences 
productivity through our measure of proximity to the 
core.  
 
Table 4. Regression of Proximity to the Core and 
Time on log(LOC) 













Prior Contribution  0.775 
(0.095)*** 
Prior Activity  3.428 
(0.343)*** 
Prior Project Activity  -0.361 
(0.138)** 
Proximity to the Core  2.965 
(0.488)*** 
Proximity to the Core2  -4.282 
(0.728)*** 
R2 0.801 0.804 
Deviance 105,409 104,211 
Num. Producers 251 251 
Num. Events 17,821 17,821 
Significance: * p < 0.05, ** p < 0.01, *** p < 0.001 
5. Discussion 
 In this paper, we investigate the fluidity in digital 
knowledge fields in which knowledge producers 
coproduce artifacts. We specifically focus on 
“proximity to the core,” which is the distance of a 
knowledge producer from the core of the field network 
[7]. While existing literature suggests that individuals 
may resolve the core/periphery tension by seeking an 
intermediate proximity to the core [4], [9], this work 
fails to account for an important characteristic of 
core/periphery structures in digital knowledge fields: 
They exhibit only temporary convergence. In other 
words, prior empirical studies often assume a stable 
core, but we challenge that assumption and argue that 
the core/periphery structure is continually changing. 
Such a challenge follows Faraj et al.’s (2011) logic that 
an online community or digital knowledge field “is not 
likely to be in equilibrium, nor should an equilibrium 
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state even be desirable. Rather, the tensions are likely to 
ebb and flow, with each flux providing equally viable 
opportunities for knowledge collaboration” (p. 1230).  
In this paper, we account for such temporal 
convergence and fluidity to disentangle how an 
individuals’ position within the core/periphery structure 
as a temporary property that changes over time. Rather 
than modeling coproduction interactions at the 
aggregate level, we make use of digital trace data to 
unpack the fine-grained temporal changes taking place 
in the context of short-term coproduction relationships. 
By doing so, we make an important finding: there is 
fluidity in an individual’s proximity to the core, 
suggesting an alternative way of how individuals seek 
to resolve the core/periphery position. Further, our study 
also suggests that this fluidity has implications for an 
individual’s productivity throughout her/his trajectory 
in participating in a digital knowledge field.   
 
5.1. Theoretical Contributions 
 
 We first contribute to the debate on the core 
periphery tension in knowledge fields and how it 
manifests in knowledge production. We bring to light 
the differences in the expression of this tension when we 
focus on knowledge fields in which temporary 
convergence is possible, such as those composed of 
digital artifacts. This fluid character contrasts with other 
stable fields such as art or science c.f. [9]. In those 
contexts, being central or core brings with it status, 
power, and recognition [5]. Over a longer period, 
coproduction between any two individuals may happen 
at very different times; thus, the field’s core/periphery 
structure represents knowledge, practices, and values 
that the field has converged upon. However, it does not 
necessarily represent the knowledge and practices that 
emerge “in the moment” when multiple coproducers 
work on a task that requires social interaction and 
knowledge integration rather than independent work. 
Thus, in a digital knowledge field, ties and the concept 
of a “core” take on a different meaning.  A temporarily 
convergent core provides a vehicle for articulating the 
efforts of multiple knowledge coproducers, while the 
core members maintain a high degree of flexibility. 
Indeed, the composition of the core will evolve as 
passion and energy shifts across projects, with 
individuals converging on shared tasks. Rather than 
maintaining a stable intermediate position [4], c.f. [9], 
individuals may find themselves in both core and 
periphery positions as the overall network structure 
fluctuates. Much like Burt and Merluzzi’s theory of 
oscillation [38], we argue that individuals may actually 
benefit (or at least satisfy tensions) by leveraging their 
alternating positions between the core and periphery. 
 The nature of knowledge fields mediated by digital 
artifacts, such as nanoHUB, also enables the type of 
movement we observe. Without formal organizational 
boundaries or physical constraints, individuals are able 
to engage with a multitude of projects [6]. Because 
knowledge producers can freely move from one tool to 
another, they are able to rapidly change their position 
within the network of coproduction. Further, the lack of 
a hierarchy within certain knowledge fields allows any 
individual to attain a central position, even without 
status, recognition, or authority [5], [39]. As a result, the 
network can be rapidly reconfigured as a result of 
individual actions. Given that different positions within 
a core/periphery structure of a dynamic knowledge field 
can yield productivity benefits, it is possible that 
motivated members of the knowledge field will try to 
move through these positions. Of course, this behavior 
assumes a degree of agency beyond what we model in 
this paper.  
 Second, this study also contributes to the literature 
on fluidity in online communities. We build on the 
notion of fluidity by showing that social structures such 
as the network core can form, evolve, or dissolve over 
time. Our findings provide some empirical evidence for 
the tensions described by Faraj et al. (2011) with a focus 
on the individual-level core/periphery tension. For 
instance, we argue that members of the knowledge field 
we studied faced time-related tensions, in that 
individuals do not maintain a specific position over long 
periods. Further, the tension of temporary convergence 
around a problem space provides an interesting lens 
through which to view our results. Because of its 
benefits, individuals may be drawn to these periods of 
convergence, which we observe as some individuals 
become closer to the core. However, temporary 
convergence subsequently drives individuals away from 
the core. Thus, it is possible that this tension drives the 
movement we observe.  
 Relatedly, our work builds on the notion of 
turbulent stability and emergent roles [16]. Our focus on 
the actions of individuals demonstrates that by and large 
their behaviors are not constant over time. Knowledge 
producers will, at times, engage in coproduction with a 
closely connected group of others; at other times, they 
may work independently or with relatively few others. 
In other words, people tend to ebb and flow in and out 
of deeply embedded social network positions based on 
their current. While prior work emphasizes the 
dynamism inherent in forms of contribution c.f. [10], we 
add to these findings and suggest that there can 
emergent structural roles as well. Though the overall 
network’s structure may not change, individuals are 
likely continuously updating themselves. 
 Third, our study also adds to the growing body of 
literature on social network dynamics and the structure 
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of organizing in two ways. First, there are a number of 
studies that attempt to disentangle the effects of short-
term versus long-term patterns of organizing [12]. 
Rather than compare network structures across temporal 
dimensions, we instead focus on the short-term 
explicitly. We argue that in the context of a digital 
knowledge field, “zooming in” matters because it 
changes the nature of the interactions. Indeed, our 
analyses suggest that over longer time windows the 
productivity implications disappear. One potential 
explanation is the observability of digital artifacts and 
the fluidity of the knowledge fields they constitute [40]. 
Because a member of the knowledge field can always 
refer to old code, their connections to projects are less 
relevant than who or what they are working on at the 
moment. Accordingly, social networks should be 
defined considering the underlying processes they are 
meant to represent. Second, our study emphasizes the 
dualistic nature of network structure and behaviors e.g., 
[41]. Network theorists posit that networks shape and 
constrain individual behaviors, while the micro-level 
actions of agentic individuals can subsequently change 
the network [42]. Thus, we argue that acknowledging 
these dual forces is critical to understanding the growth 
and evolution of digital knowledge fields.  
 
5.2. Practical Implications 
 
Our study also has important practical implications. 
We find that knowledge producers become closer to the 
core early in their tenure but then recede into the 
periphery, which presents unique challenges for the 
long-term health of the field. Though individuals can 
move freely into and out of the core, it is important that 
when knowledge producers move out, they do not exit 
the knowledge field entirely. If  members eventually 
leave, rather than reengaging with others at some stage, 
it may become “costly” to take advantage of fluidity and 
dynamics for the creation of new knowledge in the field 
[1]. The constant flux of membership reduces social 
integration, social learning, and development of norms, 
potentially leading to even greater overall turnover [11]. 
Thus, we suggest that there are two potential avenues 
that platform owners can pursue. First, they could offer 
incentives and technical affordances for knowledge 
producers who move to the periphery in order to 
encourage movement back towards the core. For 
example, prior work has demonstrated that increasing 
recognition and prestige of contributors is an effective 
means of encouraging further contributions [43]. 
Second, they could try to increase the number of 
newcomers who join the digital knowledge field to 
replace members who drop out. For instance, platform 
owners can make it easier to join and contribute by 
lowering boundaries to entry [44], or encourage 
socialization of new members [45]. 
 Our findings also suggest that for knowledge 
producers to produce at a high level, they need to be able 
to access the core and periphery of the digital knowledge 
field at different times. Owners of digital knowledge 
fields should first ensure that the platform implements 
tools and features that support easy access to knowledge 
across independent artifacts. Second, owners of digital 
knowledge fields should consider governance strategies 
that allow for greater decision-making rights and 
autonomy among knowledge producers [46]. Of course, 
this last recommendation should be balanced with each 
knowledge field’s unique needs in terms of desired 




 There are several limitations to our study that are 
worth noting. First, our study primarily focuses on 
measures constructed from digital traces and does not 
incorporate any psychological measures. Future work 
could strengthen our arguments by surveying 
individuals or designing controlled experiments that 
elicit choices to assess their intentions.  
A second limitation stems from the bimodal nature 
of our network data. Namely, the relationships in the 
network exist between developers and projects, not 
between knowledge producers. We assume that the 
technical architecture of software itself reflects 
knowledge producer interactions and embeds not only 
explicit but also implicit knowledge and norms of how 
work is done. However, it is possible that the knowledge 
producers are coordinating through some unobserved 
channels, such as mailing lists or social media.  
Finally, our data was collected from software tools 
on the scientific platform nanoHUB. Though we expect 
this community to have many characteristics of other 
digital platforms, there are nevertheless aspects of 
nanoHUB which make it a unique context. nanoHUB 
attracts only a certain type of individuals: those with 
specialized skills and also career interests in science and 
engineering. Thus, tools on nanoHU represent a very 
distinct form of digital innovation, a scientific digital 
innovation. Our study could be strengthened by 
replicating our findings in other digital innovation 
settings, such as developer communities of platforms for 
mobile apps, music or gaming.  
6. Conclusion  
The emerging literature on digital knowledge fields 
suggests that knowledge producers are embedded in a 
social structure that mirrors the core-periphery logic 
well known from the pre-digital era [4], [6]. However, 
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we argue that there is greater fluidity in these social 
structures. We hypothesize that knowledge producers 
experience movement both towards and away from the 
temporal core, leading to periods of temporary 
convergence among subsets of individuals. Further, we 
argue that an individual’s productivity in a digital 
knowledge field is predicated on their position in the 
network at the time of their contribution. We test and 
confirm our hypotheses using digital trace data from a 
community creating technology simulation tools over a 
ten-year period. Our findings underscore the inherent 
tensions faced by knowledge producers in a digital field 
and highlight the emergent and variable nature of 
structural roles. There is much to learn about the 
temporality of core-periphery structures and their role in 
knowledge production; we hope this work contributes to 
this conversation and spurs additional exploration. 
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